This paper presents a quantitative description of variation of mid-season (62 days after bloom) fruit weight (FW) and proceeding growth rates within an apple tree. Based on this knowledge, several sampling strategies were designed and compared for their accuracy and eciency in estimating the mean and variance of fruit size within an apple tree limb at mid-season. The analysis revealed the presence of systematic trends in FW within the canopy. Fruit weight, at the base of each limb increased from the bottom tier vertically upwards within the canopy. Generally, FW in the lower tier limbs increased from the base outwards, but this trend was reversed in the upper tier. Mid-season FW was also aected by the shoot type, the spur fruit being signi®cantly larger than lateral or terminal fruit. We conclude that the systematic variation in FW is a result of plant factors interacting mainly with the within-canopy light environment. This study also demonstrated that the predominant source of the remaining random variation of FW within a tree is between fruit within a limb. In terms of within-limb sampling strategies, this study provides clear evidence that a systematic sample along a limb gives a more ecient estimator of mean FW compared with random or strati®ed sampling. Monte Carlo re-sampling provided standard error estimates that were about 10 % lower for systematic sampling. Both the systematic and strati®ed sampling, however, may be seriously biased in their estimation of the within-limb variance. Therefore, when both the mean and variance are needed, especially for small sample sizes (say n 5), we recommend simple random sampling. Some methods for extending the limb estimator to the whole tree level are also discussed.
INTRODUCTION
Traditionally, several sampling plans have been used successfully for estimating numbers of fruit (or fruit density) on apple trees. These include the random path method (Jessen, 1955) and the Bavendorf method (Winter, 1969 (Winter, , 1976 . The success of any method that aims to predict harvest fruit size is dependent on the availability of good estimators of average fruit size and variance during the season. However, the problem of formulating ecient plans for sampling fruit within a tree that provide these estimates has received little attention.
Apple fruit are graded into various count size categories at the time of packing. Therefore, in addition to the average fruit weight, information is needed on the spread of individual fruit weights to make forecasts of the count size pro®le, i.e. the proportion of fruit falling into each count size. Our experience with the New Zealand apple industry has shown that initial forecasts of the harvest fruit size pro®le, based on size measurements, are needed around 60 d after bloom. This ties in with the marketing board's requirements to prepare for and schedule harvest. Also, thinning is completed and the ®nal fruit numbers are set on trees by 60 d after bloom. Apple takes about 125±140 d from bloom to harvest; hence the predictions are aimed from the mid-season. Obviously, the industry's aim is to make predictions with reasonable accuracy as early as possible in the season. Forecasts made late in the season, however, are likely to be more precise than early ones.
Generally, drawing a fruit sample for monitoring and measurement involves a multi-stage sampling plan in which a set of representative blocks is chosen within a district, then selected trees from each chosen block, then one or several limbs of each tree, and ®nally a sample of fruit/limb. The magnitude and the structure of variability within each of these hierarchical stages will in¯uence sampling strategy. For a well-managed orchard block, the within-tree component is likely to be the predominant source of fruit size variability. Both plant and environmental factors that in¯uence fruit size are far more variable within a tree canopy compared with their average values between dierent canopies. The type of structural component that bears fruit, its position in the canopy, and the interaction with other neighbouring structures are all plant factors that can aect fruit growth and development (Tustin et al., 1988; McArtney et al., 1996; Lauri and Lespinasse, 1999) . Superimposed on this is variation in the within-tree environment brought about by the tree canopy itself. Furthermore, it is likely that these factors interact with each other in their eects on fruit growth and development (Lakso, 1994) . A good understanding of the within-tree variation will facilitate developing ecient estimators of average fruit size at the tree, and higher levels.
Several workers have addressed the problem of eectively describing within-plant variation of fruit attributes. Smith et al. (1992) used computer graphics to describe variation of fruit attributes in kiwifruit. Geostatistical methods have been used to study spatial dependence between fruit within trees (Monestiez et al., 1990) . These methods for studying spatial dependence assume stationarity of fruit values within a tree. We have argued that this assumption is not justi®ed in most instances for fruit trees, and have proposed the mixed model approach (De Silva and Ball, 1997) , where known ®xed and random eects, and the covariance structure of the remaining residual variation are all modelled simultaneously. We follow the same approach here to investigate sources of fruit size variation within an apple tree.
Generally, a sampling strategy includes a plan for selection of units at each level, and an estimator for the population parameter of interest based on sample data. The two population parameters needing estimation here are the mean and variance. Usually, several sampling strategies must be compared in a given situation for their accuracy (unbiasedness) and eciency ( precision) before a recommendation can be made. The methods may include both analytical procedures and/or Monte Carlo simulations. When sampling units are linearly ordered, a systematic sampling plan is practically more appealing. When a linear trend exists, the estimator of a mean from systematic sampling is more ecient than that from random sampling (Cochran, 1977; Krishnaiah and Rao, 1988; Thompson, 1992) . In our studies involving sampling fruit along a kiwifruit cane (De Silva and Ball, 1997) systematic sampling gave a standard error of the mean fruit weight estimator that was 12 % lower than that from random sampling.
The aims of the present paper are: (1) to describe the within-tree variation in size and growth of fruit in apple trees of cultivar`Royal Gala'; (2) based on this information to design and compare the accuracy and eciency of sampling strategies for estimating the size pro®le in midseason.
WITHIN-TREE VARIATION
Light is the key environmental factor that aects fruit growth, and for which the level can change markedly within a tree canopy. Studies carried out by Tustin et al. (1988) have shown that for mature`Granny Smith' trees of Central Leader pyramid form, light transmission to lower tiers of the canopy can be as low as 13 % of the open sky value. Sunlight aects fruit growth directly through increased photosynthesis on leaves, and perhaps indirectly by raising the temperature surrounding the fruit. According to Jackson (1980) , maximum light interception by the trees and ideal light distribution within the canopy should result in optimum rates of photosynthesis at all positions within the tree, maximum fruit growth rates, premium fruit quality, and sucient¯ower bud formation for an optimum return crop. There is some evidence, however, that high light intensity may in fact lead to a decline in production and fruit quality (Lakso, 1994; WuÈ nsche and Lakso, 2000) . Tree canopy form, training and planting density are important management practices that in¯uence the orchard leaf area index and therefore the transmission of light through the canopy (Tustin et al., 1998) . Under New Zealand conditions, Warrington et al. (1996) reported that the largest fruit on`Granny Smith' trees were produced in the upper regions and the smallest in the inner lower tier, a trend found to be consistent for six dierent canopy forms. Broom et al. (1998) have also reported that position in the canopy and shoot type are factors aecting fruit size iǹ Braeburn' apple.
In mature apple trees, in¯orescences appear in the lateral or the terminal position on shoots of varying lengths (Lauri and Lespinasse, 1999) . The ratio of spurs (short shoots) to long extension shoots will vary depending on cultivar, age and vigour of the tree. In mature trees of`Royal Gala', owers are mainly spur born, but¯owers also arise on lateral buds of 1-year-old shoots. Flowers on spur shoots open about 1 to 2 weeks ahead of the lateral bud¯ower, hence the fruit will be older. Under New Zealand conditions,¯owering in mature trees on MM.106 rootstock generally starts in the lower inner region, moving outwards through the canopy with time. The associations between cultivar fruit habit, orchard tree management and withincanopy microclimate often make physiological interpretation of causes of variation in fruit size dicult.
Source data
Data for the analysis of within-tree variation came from a branch-mapping study conducted on eight 14-year-old Royal Gala' apple trees on MM.106 rootstock in a research orchard block in Hawkes Bay, New Zealand (39840 H S and 176853 H E), in the 1996/97 growing season. Trees were part of an ongoing larger spacing Â rootstock study. Of the selected trees, four were from an experimental plot planted at 4 . 5 Â 2 m and the other four at a spacing of 5 Â 3 m. Trees were approx. 4 . 5 m tall and trained to a Slender-Pyramid (Tustin et al., 1990) . This provided a bottom tier structure with four±six main scaold branches. Six limbs were chosen from each tree; one on each tree side of N-S tree rows in the lower, middle and upper tiers of the tree. Full bloom occurred on 12 Oct. 1996, and trees were hand-thinned in late November following commercial practices. After fruit thinning, all fruit on the six selected limbs of each tree were tagged for size measurements during the remaining growing season and at harvest.
Fruit were also classi®ed as spur, terminal or axillary. The distribution of fruit types in each of the eight trees was similar, spur fruit being dominant and comprising 62 to 77 % of the total fruit on a tree (average of 68 % over all trees). Spurs were also evenly distributed across tiers, averaging 70, 69 and 65 % for the lower, middle and upper tiers, respectively. Because of the slender-pyramid structure, fruit numbers declined from the lower (41 %), through the middle (36 %), to the upper tier (23 %).
The maximum diameters of over 1500 individual tagged fruit were measured non-destructively on four dates: 13 Dec. 1996 , 17 Jan. 1997 , 5 Feb. 1997 and 18 Feb 1997 and 129 d after full bloom (dafb). The last date marked the ®rst harvest of three select picks. Tagged fruit meeting the background colour speci®-cation (the indicator of harvest maturity) were harvested and weighed on 18 and 24 February, and all remaining tagged fruit on 10 March. Relatively few fruit were ready for harvest in the ®rst pick, hence untagged fruit of the same trees were harvested and weighed on 24 February and 11 March. Before any analysis was undertaken, all fruit diameters were converted to fruit weights using the piecewise power function developed by oǹ Royal Gala' fruit. Figure 1 shows that this relationship matches the harvest data from this experiment reasonably well.
The mixed model analysis
This section covers the identi®cation and estimation of within-tree variation of fruit size and growth rate, using the source data already described. We have concentrated the data analysis on three growth attributes: fruit weight (FW) at 62 dafb, mean relative growth rate (RGR1) from 62± 97 dafb, and RGR2 from 97±129 dafb. The mean RGR between times t 1 and t 2 was computed using the standard formula:
The FW measurements at 62 dafb mark the approximate time at which industry requires predictions of average size and size distribution of harvest fruit. Fruit pro®le prediction models require point-in-time estimates of average size and variance of the growing fruit population based on representative fruit samples. Hence, information on withintree variation of FW in mid-season will be useful for designing ecient sampling strategies. In addition to pointin-time estimates of fruit size, prediction models include parameters that describe fruit growth rate over the remaining period to harvest, hence our interest in the rate measurements. A statistical model for studying patterns of variation within a tree should allow for systematic trends, random variation, and any spatial dependencies between fruit within close proximity. Mixed models can simultaneously ®t known ®xed and random eects, as well as the underlying covariance structure to describe the spatial dependencies. The following model was formulated:
where Y ijkl is the l-th fruit borne on a limb at j-th tier and k-th aspect of i-th tree; x ijkl is the rank of fruit from the base (x 0) of limb; and y m is the shoot type eect: spur, terminal or axillary. All eects other than the interaction terms included in square brackets, and the residual were considered ®xed. The three interaction terms together with tree eect provide an estimate of the random variation between limbs within a tree. The vector of residuals (E) is assumed to be: E(E) 0 and Cov(E) S. The covariance structure, S, is block diagonal with complete independence assumed across subjects. For the apple data, spatial dependence is assumed only between fruit within a limb, hence the limb is taken as the subject. Dierent forms of covariance structures are possible. For the current dataset a ®rst order autoregressive structure, S ij s 2 r jiÀjj , where r is the autocorrelation coecient and s 2 the variance, was found to be adequate based on the likelihood criterion. The variance of residuals obtained this way estimates the withinlimb variance.
Initial plots of FW against fruit rank along the limb showed a general increase in FW from the base outwards, particularly for the limbs in the lower tier (Fig. 2) . It was also evident that in the upper tier the trend was in the opposite direction (Fig. 2) . A linear or an exponential function provided an equally good description of the relationship. We used the exponential function because it enables prediction of trends of later FW measurements, as discussed below.
Let w 1i and w 2i be weights of a fruit in rank x i along the limb at t 1 and t 2 dafb. If a linear relationship of RGR against fruit rank is assumed, the RGR for the period t 1 to t 2 is given by:
A w 2i w 1i e a r t 2 Àt 1 e b r t 2 Àt 1 x i 3 Now, the relationship of w 1i against fruit rank is: w 1i e a w b w x i where e a w is the FW at position 0, and b w the relative rate parameter that describes the increase of FW against the rank of fruit. Substituting in eqn (3) and rearranging gives:
Hence, from t 1 to t 2 the rate parameter is increased by b r (t 2 À t 1 ). We used Proc Mixed of SAS to ®t the mixed model to apple data. The procedure estimates the unknown parameters by the method of Restricted Maximum Likelihood (REML). In the case of mid-season FW, measurements were log transformed prior to analysis. The ®tted means, parameters and their s.e. were then back-transformed to the original scale. The variance components for the same were back-transformed to the original scale using the following expression for the variance of a log-normal distribution: e on the log scale (Johnson and Koltz, 1970) . There is no simple formula to convert the s.e. of the variance components, hence the standard errors obtained by ®tting the model to untransformed FW data are presented here. The variance component estimated on the original scale diered from those calculated as above only by rounding o errors. This shows the distribution was not skewed and a normal distribution would be an equally good approximation.
Estimates of ®tted means and coecients for the ®xed eects, and corresponding variance components for the random eects are tabulated in Table 1 . Both the tier and aspect (north or south) signi®cantly aected the mid-season FW (P 5 0 . 01 and P 5 0 . 05, respectively). Note the ®tted values of FW given in Table 1 are for the ®rst fruit position on the limb. The interaction of tier Â aspect was not signi®cant. A gradient in FW from the lower, middle to the upper tier is clearly evident ( Table 1 ). The mean FW nearest to the base of the limb (rank 0) increased by a factor of 1 . 07 and 1 . 08, respectively, from the lower to middle, and middle to upper tier. Similarly, fruit borne on limbs in the northern aspect were on average 1 . 07 times larger than those on the southern aspect. Shoot type also aected fruit size, with fruit borne on spur shoots found to be signi®cantly larger (by about 20 %) than the terminal or axillary ones.
The results of mixed model analysis also indicated trends in FW against the rank of fruit along a limb (Table 1) . In {Means are for the ®rst fruit position from the base of the limb. Means followed by the same superscript are not signi®cant at P 0 . 05. {Divide and multiply by SER to provide the lower and upperbound of one s.e. about the mean. **P 4 0 . 01; *P 4 0 . 05.
addition, the magnitude and the direction of this trend were tier-dependent (P 5 0 . 01). For example, for a limb in the lower tier containing 40 fruit arranged sequentially, fruit at the end could be expected to be 18 % larger compared to those at the base. This equates to about a 5 g dierence in FW between the two ends. This trend, however, was not signi®cant in the middle tier, but was signi®cant (P 5 0 . 05) in the opposite direction in the upper tier (Table 1) . For an average limb of 20 fruit in the upper tier, a dierence of 10 % (or about 3 g) at the ends could be expected. The mixed model analyses of RGR ( per week) for periods 62±97 and 97±129 dafb are also presented in Table 1 . The tree factors aected RGR more in the former phase of growth than the latter. Fruit borne on spur shoots were larger when measured at mid-season, but had a signi®cantly lower (P 5 0 . 01) RGR compared with terminal and axillary fruit over the next 35 d. Generally, smaller fruit had a higher RGR than larger fruit over the 62± 97 dafb period. For apple, the maximum RGR is typically reached very early, within about 2 weeks of full bloom; thereafter RGR declines steadily (Lakso et al., 1995) . Since 62±97 dafb is in the decline phase a negative correlation between RGR and size is expected. The strong positive trend in RGR with fruit rank along limbs in the upper tier (Table 1) Variances of random eects are generally referred to as variance components. According to the mixed model [eqn (2)] there are two within-tree variance components of interest: between limb and within-limb. It should be noted here that these variance components measure the random variation unaccounted for by the ®xed eects described earlier. It is evident (Table 1) that within-limb is the predominant component, being about 18 times greater than the between-limb variance component for mid-season FW. Fruit weights within a limb were autocorrelated, but not strongly enough to consider worthwhile other than for fruit which are next to each other. Since adjacent fruit are likely to be exposed to a similar microclimate, a positive correlation between fruit responses is expected. The 0 . 17 value obtained here is lower than the 0 . 30 estimate for autocorrelation between fruit weights within a cane reported for kiwifruit .
TREE SAMPLING STRATEGIES
The objective of this section is to investigate and compare dierent strategies for sampling fruit within a tree that will provide mid-season estimates of mean fruit weight and its variance. As mentioned earlier, mean and variance are two key parameters needed for models that predict harvest fruit pro®les. Generally, drawing a fruit sample from an orchard block for making predictions involves a multi-stage sampling plan, in which a set of representative trees are selected ®rst, then perhaps a limb from each tree, and ®nally a sub-sample of fruit of the selected limb. At each stage the units may be strati®ed into homogeneous groups and sampled to provide improved estimators.
In this study we concentrate only on within-tree sampling, and in particular sampling methods that are appropriate for selecting fruit along a limb. Estimates of variance components reported here suggest that more than 90 % of random variation of FW within a tree canopy lies within the limb, hence the importance of sampling within-limb. Furthermore, in the dataset only six limbs of each tree are completely mapped, hence any comparisons of sample estimates with population parameters can be done only at the limb level. Obviously, ecient estimators at the limb level should form the basis for extensions to tree estimators.
Limb sampling strategies
A sampling strategy should include a sample plan (how the sample is drawn) and an estimator. With respect to sampling fruit within a limb, the simplest method is to take a totally random sample (RAN), i.e. equal selection probability for each fruit within the limb. Let N represent the number of units ( fruit) in the population and n in the sample, then mean and variance of the random sample are unbiased estimators of the corresponding population parameters: " y Sy i an; s 2 S y i À " y 2 an À 1. Furthermore, an unbiased estimator of the variance of the sample mean is: var " y N À naN s 2 an, where the ®rst factor is the ®nite population correction. In practice a RAN plan for the limb will involve ®rst counting the total number of fruit, and then drawing random numbers from 1 to N (ignoring repeats) until n fruit are selected. Most calculators have a RAN function that generates random numbers between 0±1. Multiplying this number by N and rounding up to the next whole number will provide a random number between 1 and N.
In many situations random sampling may not be the most ecient method, both from a practical and a statistical sense. When the sample units are ordered, systematic sampling (SYS) is used widely in many dierent situations for its operational convenience. SYS can provide more ecient estimators of the mean when trends exist along the ordered units as in the case of fruit along a limb. The principle is that sample units are selected at regular intervals, every k-th unit, from the ®nite population of N units. The sampling interval, k, is an integer nearest to the inverse of the sampling fraction (n/N). Thus, in practice the procedure consists of counting the fruit number, dividing by n and rounding down to calculate the sampling interval, k, selecting a random start from 1 to k (say r), and ®nally selecting the units serially, rY r kY r 2k F F F r l r k until the entire population is covered (Krishnaiah and Rao, 1988) . As the selection is done in a linear fashion, the procedure is called linear systematic sampling. If N is an integral multiple of n, the number of units in each systematic sample will be same, otherwise l r will dier between samples. When N is not a multiple of n, we can use the fractional interval, k H , without rounding it o to an integer (Krishnaiah and Rao, 1988 ). This will ensure the same size for dierent samples. We illustrate this method here with an example: count the total number of fruit, N(42); decide on sample size, n(5); calculate k H (8 . 4); choose a random number between 0±1 using RAN function (0 . 738); multiply random number by k H (0 . 738 Â 8 . 4 6 . 1992); ®rst unit to sample is this number rounded up, r ( fruit 7); continue adding k H to the previous total and round up to ®nd the other units to be sampled: 14 . 5992 ( fruit 15), 22 . 9992 (23), 31 . 3992 (32), 39 . 7992 (40) .
When the fractional interval method is used with SYS, the simple sample mean is an unbiased estimator of the population mean. The sampling variance of the estimator is obtained as the between samples variation, i.e. S " y r À " y 2 ak, where k is now the number of possible systematic samples. One drawback of systematic sampling, therefore, is when a single sample is taken there is no estimate of sampling error, and some approximations are needed. Several approximate variance estimators have been proposed (Cochran, 1977) , and one based on successive dierences is:
The second problem of SYS is that the sample variance is a biased estimator of the population variance, a parameter of equal interest in our situation. This bias can be large, and this will be investigated in relation to sampling within a limb in the next section.
The last plan we propose is strati®ed sampling (STR). In the apple dataset, the rank of fruit nearest to the physical mid-point of each limb was recorded. Since trends exist along the limb, a plausible strati®cation is to group each fruit (i) within a limb into one of two strata, i.e. i4 mid rank and i4 mid rank. Then a random sample allocated in proportion to the stratum size is taken. In practice, ®rst the physical mid-point of the limb needs to be noted, and then the number of fruit in each half counted. Now the size of sample, n, is divided approximately in proportion to fruit numbers in each half and each sub-sample measured separately. An unbiased estimator of population means is: " y str SN h " y h aN, where N h and " y h are size and sample mean of the h stratum. Assuming within stratum variances are equal, an estimate of the sampling variance of the estimator is:
is the within stratum sample variance, and in our case L 2. If the allocation is proportional, the mean square deviation from sample mean provides a good estimator of the population variance (Cochran, 1977) , i.e. s 2 S y hi À " y 2 an À 1. But if an allocation is far from proportional, the sample variance may be a poor estimator (Rao, 1962) .
Bias and eciency of sampling
A good sampling strategy should include a practically simple plan for selecting units, and provide unbiased and ecient (minimum error) estimators of the parameters of interest. Sometimes a trade-o has to be made between slight bias in the estimator and improved eciency. It is clear that if the variation between stratum means is suciently large compared with within-stratum variation, STR will be more ecient than simple random sampling. The greater this advantage, the greater the eciency gain (Cochran, 1977; Krishnaiah and Rao, 1988) . Similarly, it may be argued that the greater the variation within a systematic sample the more ecient it will be compared to random sampling.
In addition to sample size, the eciency of systematic sampling depends on the intra-class correlation between units within a sample. The sampling variance of the mean estimator is given by (Krishnaiah and Rao, 1988) ,
where s 2 is the population variance, and the intraclass correlation, r c is given by, The within systematic sample variance, s 2 w n À 1an s 2 1 À r c . A high negative value of r c or equivalently a large value for s 2 w will make STS very ecient. We shall now investigate these relationships in the context of sampling fruit within a limb. In the section on mixed model analysis, we reported an autocorrelation coecient between adjacent fruit to be around 0 . 17. With SYS, the sample consists of units that are far apart in the order. Therefore, autocorrelation alone should have very little or negligible eect on the sampling variance [eqn (7)]. Analysis of the within-tree variation revealed weak but signi®cant trends in FW along the limb (see mixed model analysis). How ecient is systematic sampling in the presence of a linear trend? For ordered sample units exhibiting a perfect linear trend it can be shown [eqn (8)] that r c is negative and equals Àk 2 n 1ak 2 n 2 À 1, independent of the slope of the linear relationship. Hence according to eqn (7) the sampling variance, V " y sys , must be smaller than that of random sampling, by a factor of 1 n À 1r c . This is an interesting result, because if we take a sample size of 5 from a limb of 40 fruit then r c works out to be À0 . 20. Substituting in eqn (7), systematic sampling is ®ve-times more ecient than random sampling. Of course, this is an ideal situation when the linear trend is perfect, i.e. without any deviations from the line. In fact, for a population with a linear trend, sampling eciencies are in 498
De Silva et al.ÐFruit Size Sampling in Apple the order: strati®ed sampling with one unit per stratum 4 systematic 4 simple random (Krishnaiah and Rao, 1988) .
Monte Carlo results of limb sampling
Apart from the theoretical considerations above, the eciency and bias of dierent sampling strategies can be checked using real data from apple tree limbs by Monte Carlo methods with ®xed re-sampling. Of the six limbs mapped from each tree, we selected the three that contained most fruit for this purpose; one limb from each tier. We maintained a ®xed sample size of ®ve fruit per limb. In the case of STR, all fruit up to and including the fruit at the physical mid-point of the limb were grouped into one stratum, and the remainder into the other. The sample was approximately allocated in proportion to the size of stratum. In the case of random and strati®ed sampling, 4900 simulations were done for each selected limb. For systematic sampling, the number of possible samples are limited, and these were all included, hence the population was exhaustively sampled. The various combinations of systematic samples were obtained by ®rst dividing the sampling interval, k, into N number of sub-intervals of length 1/n. Then a systematic sample is drawn by starting from the mid-point of a given sub-interval, incrementing by k, and rounding up to the nearest whole number. By this method there will always be a total of N systematic samples. In cases where k is an integer, there will be repeat sets, but this will not aect the averages over all samples. The simulations were run using SAS statistical software (SAS, 1996) . For each sample drawn we estimated three population parameters, mean (m), variance (s 2 ), and the standard error of mean estimator V " y p , using the formulae described previously. Each type of estimate was averaged over all samples to provide summary statistics of its sampling distribution.
Mean and s.e. estimators. Monte Carlo simulation results of estimators of mean and s.e. are presented in Table 2 . The signi®cance of bias of mean FW due to a given sampling method can be checked by a t-test, where the s.e. for the test is equivalent to the corresponding s.d. in Table 2 divided by  70 (   4900  p  ) . For SYS, since all possible samples have been included, the bias is, as expected, zero. Of the 24 limb populations sampled, bias on the mean estimator was signi®cant only in two instances for random sampling, and three in the case of strati®ed sampling. The standard deviation between the mean of repeated simulated samples should provide a good estimate of actual s.e. for the mean estimator. These are given in Table 2 against each mean estimator. In 17 out of the 24 limbs, systematic sampling provided the lowest s.e. of the mean estimator. Averaged over all limbs, systematic sampling gave a s.e. of 3 . 29 compared to 3 . 68 for random and 3 . 60 for strati®ed sampling. This is about a 10 % reduction, and highlights the advantage of using systematic sampling for estimating mean FW.
The s.e. estimates discussed so far are based on computer generated simulated samples. In practice, however, we need an estimate of s.e. based on information of a single sample. We have already discussed dierent s.e. estimators, all of which assume that data on individual sampling units have a normal distribution (see Bias and eciency of sampling). Also, it was pointed out that in the case of a single systematic sample we can only provide approximations. Summary statistics of these sample s.e. estimates are given in Table 2 . All s.e. estimators of RAN, and all except one in the case of strati®ed sampling, were slightly biased downwards compared to the s.d. of simulated sample means. On the contrary, the approximate estimator of systematic sampling varied in both directions. Averaged over all 24 limbs, the mean bias values were À0 . 19, 0 . 15 and À0 . 24 for RAN, SYS and STR s.e. estimators. Therefore, overall a bias of up to 5±7 % can be expected when using s.e. estimators based on sample data. The variability of the s.e. estimate, as measured by its s.d., is of similar magnitude for all three sampling methods (Table 2 ). We can conclude that the approximate estimator of systematic sampling provides an accuracy comparable to the other two estimators. Variance estimator. As expected, the sample variance of RAN provided the best estimator of the population variance (Table 3) . Tested using the t-statistic, only one out of the 24 limb populations showed a signi®cant bias. In contrast, for SYS and STR, 19 and 11 limb populations showed a signi®-cant bias. As pointed out earlier, with STR the variance estimator is good if the allocation of samples across strata is proportional. For the small sample size, n 5, used in this study, the allocation can be changed only in increments of 20 %, hence dierences of up to 10 % may have occurred between population and sample proportions, and this may have contributed to the bias. As discussed earlier, if SYS provides a good (ecient) estimator of mean, the corresponding sample variance will always be a biased estimator of the population variance. This is clearly evident from the results of Table 3 . The bias in the variance is large and positive; when averaged over the 24 limbs SYS gives a value of 3 . 04 compared with 0 . 15 and 0 . 60 for RAN and STR estimators. The bias in the SYS estimator can be up to 15 % of the population variance. This is a major disadvantage of using SYSÐthe absence of a good estimator of population variance. We are not aware of any better approximate estimator of population variance for systematic sampling.
Tree estimators
In this section we take a brief look at how the estimators worked out at the limb level can be extended to estimate the same at the whole tree level. Since trees have not been mapped entirely, we will not attempt to validate the proposed estimators. Considering the tree as the sampling unit and the mean FW of the lower tier (y L ) as an auxillary variable, we propose the following ratio estimators to estimate mean FW of the middle (y M ) and upper (y U ) tiers:
where the mean values are now the means of respective populations of limb mean FWs. We propose a form of double sampling, where limbs of the lower, middle and upper tiers of a few trees are initially sampled more extensively by taking samples of fruit. The data are averaged to provide the tier means, and then the tier means are averaged over the number of trees and ratios estimated. If the objective is to estimate mean FW of a single tree, then a smaller fruit sample is taken from the lower tier and averaged to provide a value of the auxillary variable, y L . An estimate of tree mean FW is then:
where P L , P M , and P U are the proportions of fruit in lower, middle and upper tiers. If the objective is to estimate mean FW of an entire orchard block, a number of trees are selected. In fact the ratio estimation can be done on a subsample of these trees. The estimator should work well if the relationships of mean FW between tiers are consistent across dierent trees within an orchard block. Obviously, the training system and a number of other plant and environmental factors can in¯uence the relationship. Hence, some validation of these relationships is necessary before the estimator is used. Where such relationships cannot be established we propose limb sampling across trees to be strati®ed by tier and aspect.
DISCUSSION
As a pre-requisite to designing ecient sampling plans for estimation of fruit size and size distribution, we have quantitatively described the within-tree variation of midseason fruit size using limb mapping data from eight Royal Gala' apple trees. Within-tree systematic variation accounted for 14 to 34 % of the total variation of midseason FW. These include trends along the vertical length of the canopy, with fruit size when estimated at base of the limb being largest in the upper tier. The¯owering pattern of apple trees is such that¯owers in the upper limbs open last, but it is evident from our results, even at 62 dafb, this delay has been overcome by faster growth rates, probably due to improved light conditions in the upper tier. Generally, spurs ower about a week earlier than terminal or axillary¯owers. The tree data showed spurs to be evenly distributed within the canopy, hence their larger fruit size at mid-season may be because they have older fruit. The other signi®cant trend TABLE 3. Monte Carlo estimates of the sample variance estimator, under dierent methods of sampling of fruit weights from Royal Gala apple tree limbs at 62 d after bloom (see Table 2 ) 
